ABSTRACT This paper investigates the adaptive fuzzy output feedback prescribed performance control (PPC) problem for multiple-input and multiple-output (MIMO) stochastic nonlinear systems in the nonstrict-feedback form. The study of MIMO nonlinear stochastic systems is assumed to have non-structural uncertainty, unknown control directions, and unknown dead zones. The fuzzy logic systems are adopted to approximate the unknown nonlinear functions, and a state observer is designed to estimate the unmeasured states. By combining backstepping recursive design principle with PPC theory, an observer-based adaptive fuzzy prescribed performance tracking control method is presented. In order to overcome the problem of unknown control directions in nonlinear stochastic systems, the Nussbaum gain function is introduced into adaptive fuzzy control design algorithm. The stability is proven based on the Lyapunov stability theory, which demonstrated that all the signals of the closed-loop systems are semi-globally uniformly ultimately bounded (SGUUB) in probability and the tracking errors remain a small neighborhood of the origin within the prescribed performance boundeds. Finally, two simulation examples are provided to illustrate the effectiveness of the proposed approach.
I. INTRODUCTION
During the past few decades, fuzzy logic systems (FLSs) or neural networks (NNs) have been paid considerably attention to solving the control design problems of nonlinear systems [1] - [5] . Since the control methods mentioned above is limited to nonlinear uncertain systems that meet the matching conditions, if the matching conditions are not met, the control design problem of nonlinear uncertain systems can not be solved. In order to relax restrictions in above literatures, by combining the backstepping recursive design technique with the approximating capability of the NNs or FLSs, Liu et al. [6] , Wang et al. [7] , Li et al. [8] , and Cui et al. [45] proposed adaptive state-feedback control methods for a class of single-input and single-output (SISO) nonlinear systems. Authors in [9] - [13] and [44] presented adaptive fuzzy or NNs state control design methods for a class of multivariate nonlinear systems. However, the above results are limited to nonlinear systems with fully measurable states. In order to overcome the disadvantage of the state-feedback control that requires the measurement of full-states information, Authors in [14] - [23] , [39] , [41] , and [42] proposed observer-based fuzzy and NNs output feedback control design methods. Among them, the works in [14] - [17] , [41] , and [42] for a class of uncertain SISO nonlinear systems, while [18] - [23] and [39] for a class of uncertain multivariate nonlinear systems.
It is worth mentioning that quality of controlled systems expected performance indicators, such as maximum overshoot, convergence rate and steady-state error, are usually required to be satisfied in practical engineering. Subsequently, PPC of uncertain nonlinear systems arises at the historic moment. Bechlioulis and Rovithakis [24] first proposed PPC for a class of uncertain strict-feedback nonlinear system. Furthermore, in order to improve the quality of the expected performance indicators of controlled systems, Bechlioulis et al. [26] , Karayiannidis and Doulgeri [27] , and Li et al. [28] proposed observer-based PPC methods for single-variable nonlinear uncertain systems with unmeasured states. Since then, the PPC was extended to the models of uncertain multivariate nonlinear systems, such as literatures [29] - [32] , [40] , [43] . Recently, the problems of unknown control directions have also attracted extensive attention. The control directions are unknown in the controlled systems, which makes the control design process become quite challenging and difficult. The Nussbaum gain function was employed to control design algorithm to deal with this problem in [33] - [35] . The works [36] - [38] extended the abovementioned nonlinear uncertain systems to SISO and MIMO stochastic nonlinear uncertain systems with unknown control directions or unknown dead-zones. However, they are often limited to study of strict-feedback nonlinear systems. The adaptive fuzzy PPC problem for MIMO stochastic uncertain nonstrict feedback nonlinear systems with unknown control directions and unknown dead-zones has not been reported until now.
Motivated by the above works, in this paper, adaptive fuzzy output-feedback PPC methods are proposed for MIMO stochastic nonlinear systems with unknown control directions, and unknown dead-zones. The FLSs are adopted to approximate the nonlinear unknown functions, and a fuzzy state observer is designed to estimate the unmeasured states. By combining adaptive backstepping design theory with PPC technique, an adaptive fuzzy PPC approach is proposed and the stability of the closed-loop system can be proved based on Lyapunov stability theory. Compared with the existing results, the main contributions of this paper as follows: i) The proposed adaptive fuzzy control method has solved PPC design problem of MIMO stochastic nonlinear systems with unmeasured states and unknown dead-zones, ii) The Nussbaum gain function was employed to deal with the problem of unknown control directions in the process of control design.
The rest of this paper is organized as follows. In Section II, we give the problem description and the preliminary knowledge. In Section III, the fuzzy states observer is designed. In Section IV, the output feedback prescribed performance tracking controller is designed, and the stability of the closedloop system is analyzed. Then, two simulation examples show the effectiveness of the proposed method in Section V. Finally, the conclusion is drawn in Section VI.
II. PROBLEM FORMULATIONS AND PRELIMINARIES
A. SYSTEM DESCRIPTIONS AND SOME ASSUMPTIONS In this paper, consider the following MIMO stochastic nonlinear nonstrict feedback systems with unknown control directions and unknown dead-zones. The i -th subsystem is expressed as
where
. . , N ) are the state vectors of the system, y i are the i th subsystem outputs. f i,j i (·) and g i,j i (·) are nonlinear smooth unknown functions. β i are non-zero control coefficients with unknown symbol, there are known positive coefficients β i,min and β i,max such that β i,min ≤ |β i | ≤ β i,max . And w i ⊂ R is an independent standard Brownian motion defined on a complete probability space, with the incremental covariance E{dw i · dw T i } = σ i (t)σ i (t) T dt. In this paper, it is assumed that the sates are immeasurable, except the outputs y i . And u i (v i ) are the i th dead zone outputs.
According to [29] , the dead-zone can be expressed as the following form:
where v i ∈ R is the input to the i th dead zone,h i are coefficients that represents the characteristics of the dead zone, and there are positive known constantsh i,min andh i,max satisfiesh i,min ≤ |h i | ≤h i,max . b i,r and b i,l stands for the breakpoints of the input nonlinearity.
Control Objective: Our control objective is to design observer-based adaptive fuzzy PPC controllers for systems (1) to ensure that all the signals of the closed-loop system are SGUUB in the sense of probability, the system outputs y i (t) can track the given reference signals y i,r (t) and the system tracking errors remain within the PPBs.
Assumption 1 [18] - [21] : The disturbance covariance
In order to introduce some useful definitions, lemmas, and theorems, we consider the following stochastic nonlinear systems
Definition 1 [18] - [20] : For given T(x) ∈ C 2 , related to the stochastic system (3), the infinitesimal generator is defined as follows:
where Tr(A) is the trace of a matrix A. Lemma 1 [21] : There is one C 2 function T(x)R n → R + , two parameters C 1 and C 2 , class K ∞ -functions 1 and 2 have
For all x ∈ R n and t > t 0 . Then, there is a unique strong solution of system (3) for x o ∈ R n the following holds
Moreover, if the inequality (6) is satisfied, then all signals in system (3) are SGUUB in probability.
B. NUSSBAUM FUNCTION PROPERTIES
In this paper, in response to unknown control gain coefficients β i , the Nussbaum gain technique is introduced. A function VOLUME 6, 2018 N (ζ ) is called a Nussbaum-type function if it has the following properties:
Lemma 2 [18] : For a selected Nussbaum gain function N (ζ i ) = exp(ζ 2 i ) cos(ζ 2 i ), let ζ i (t) be a smooth time-varying function defined on [0, t f ]. For the MIMO stochastic nonlinear system (1), if there exists a positive definite, radically unbounded function V (t, x) and constants C > 0 and L > 0, satisfying the following inequality:
, where defined as infinitesimal differential operator, E(·) is an expectation operator and d i are some constants.
Lemma 3 [22] : For any two variables a, b ∈ R n , the following inequality holds
where ς > 0, ψ > 1, q > 1 and (ψ − 1)(q − 1) = 1.
C. PRESCRIBED PERFORMANCE
This section introduces preliminary knowledge on the PPC concept reported in [24] . According to literature [24] , the PPC is achieved by ensuring that tracking errors i (t) strict convergence within the PPBs as follows, which can be expressed in the form of the following inequality
where δ i,min , δ i,max and a i are positive design parameters, and the PP functions µ i (t) are bounded and strict diminishing smooth exponential functions with lim t→∞ µ i (t) = µ i,∞ , and µ i,∞ > 0, we chosen the PP functions as this form
Some constants µ i,∞ denote maximum allowable value of i (t) under stable conditions that is adjustable to reflect any small value of the resolution of the measurement device. The rate of decline a i stands for lower bound on the required speed of convergence of i (t), Moreover, the maximum overshoot of i (t) is prescribed less than max {δ i,min µ i (0), δ i,max µ i (∞)}. Therefore, choosing the PP functions µ i (t) and parameters δ i,min , δ i,min appropriately determines the PPBs of error i (t).
D. FUZZY LOGIC SYSTEMS
In this paper, the FLSs are adopted to model the uncertain nonlinear systems. Therefore, according to [20] , FLSs consists of four parts: the fuzzifier, the knowledge base, the fuzzy inference engine working on fuzzy rules and the defuzzifier. 
Define the fuzzy basis functions
The FLS (11) is expressed by the following form as
Lemma 4 [20] : Set to f (x) a smooth continuous nonlinear function, which is defined on a compact set . Then for any constants ε δ > 0, there exists a fuzzy logic system (13) such as
where ε is the fuzzy minimum approximation error.
III. ADAPTIVE FUZZY STATE OBSERVER DESIGN
In this section, the only available state is the output y i in system (1), thus, a fuzzy state observer is constructed to estimate the unmeasured states. Before we design the state observer, we first rewrite system (1), express the dead zones (2) as follows
Then, the original systems are equivalent to the following systems
Then, according to Lemma 4, we can assume that the nonlinear functions F i,j i (χ) in systems (17) can be approximated by the following FLŜ
whereχ is the estimates of state vector χ. Define the optimal parameter vectors θ *
where i,j i and U i,j i are compact regions forθ i,j i andχ, respectively. Define the fuzzy minimum approximation errors ε i,j i as
, and ε * i,j i are known positive constants. We can rewrite (17) as
. And K i are chosen such that A i are strict Hurwitz matrix. Thus, for any given matrix Q i = Q T i > 0, there are positive definite matrix P i = P T i satisfying
To estimate the state of the system (20) , define the following state observeṙ (22) Let e i = χ i −χ i be observer error vector.
From (20) and (22), the observation error equation is expressed as
Choose the following Lyapunov candidate for the observer error system (22) as
Therefore, based on the fact 0 < ϕ T i,j i (χ)ϕ i,j i (χ ) ≤ 1 and the Assumption 1, using Lemma 3, we have
Substituting (26) and (27) into (25) yields
IV. ADAPTIVE FUZZY OUTPUT FEEDBACK CONTROL DESIGN AND STABILITY ANALYSIS
In this section, an adaptive fuzzy tracking PPC design scheme is presented by adopting framework of the backstepping design. The stability of the controlled system can be proved by Lyapunov stability theory method. Defined the change of coordinates as:
where s i,j i are called the error surfaces, i,1 are tracking errors, α i,j i −1 are intermediate functions. To achieve the performance, according to (10) by an equality form, we define error transformation as follows
where ξ i (t) are transformed errors and i (ξ i ) define as
According to (31) and (32), one can obtains
Andξ
We define the state transformation as (10) is satisfied. Now our back-stepping controller design is presented as follows.
Step i, 1: From (29), (34) and (35), and by using Definition 1, one has
are the parameters vector error. Choose the Lyapunov function as
, and define
. From (36) and (37), we have
By using Assumption 1 and Lemma 3, we can obtain
where γ i are positive design parameters, andp i = β i,maxhi,max . Substituting (39)- (41) into (38) yields
Choose intermediate control functions
where c i,1 > 0,σ i,1 > 0 and σ i,1 > 0 are design parameters.
Substituting (43)- (45) into (42) yields
wherė
Step i, 2: From (22) and the formula s i,2 =χ i,2 − α i,1 , the derivative of s i,2 is
Consider the Lyapunov function V 2 as 
By using Lemma 3 and Assumption 1, we get
Substituting (50)-(54) into (49) yields
where 
where c i,2 > 0, σ i,2 > 0 andσ i,2 > 0 are design parameters. Substituting (56)-(58) into (55) yields
Step i, j i : From (22) and the definition of s i,j i =χ i,j i − α i,j i −1 , the derivative of s i,j i is
Consider the Lyapunov function V j i as 
Substituting (63)- (67) into (62) yields
Step i, n i : This is the final step, the controller will be obtained, we have
Consider the entire system Lyapunov function V as
where η i,n i are positive design parameters. The infinitesimal generator of V along with (73) is
By using Lemma 3 and Assumption 1, we have
Choose control inputs v i , and parameter adaptive laws ofθ i,n i as
where c i,n i > 0 and σ i,n i > 0 are design parameters. Similar to step i, j i , one has
By using Lemma 3, we have
(86)
Substituting (86)- (89) into (85) yields
wherē
Selecting the suitable parameters such that the following inequalities hold:
Further, (90) can be rewritten as
i . Since, by using Lemma 2, the term
where L = L + D . Therefore, (92) can be further written as 
Similar to literature [20] , from inequality (94) we known E[V (t)] is eventually bounded L C Thus, all the signals of the closed-loop system are SGUUB in probability. Moreover, by adjusting the design parameters signals of the system can be made arbitrarily small. In addition, from (10), we can obtain that
0)}, where δ i,min , δ i,max and µ i,0 are positive parameters. Therefore, it is concluded that the tracking error remains within the PPBs for all the time.
The aforementioned design and analysis are summarized in the following theorem.
Theorem 1: For MIMO stochastic nonlinear non-strictfeedback systems (1), if Assumption 1 is satisfied, the adaptive fuzzy control inputs (83) with the fuzzy state observer (22) , the intermediate control functions (69), and parameter adaptive laws (70), (71) and (84) guarantees that the closed-loop system all signals are SGUUB in probability, and each tracking error remains within the PPBs for all time t > 0.
Remark 1: Note that the actual control inputs (83) contain the termsθ T i,n i
cause the cause the control singularity problem. In order to avoid the possible control singularity problem, we can adopt the projection operators in [22] and [23] for parameters adaptive lawsθ i,n i (84). Besides, by suitably setting the initial values ofθ i,n i , and design parameters η i,n i and σ i,n i , the possible control singularity problem is also avoided.
Remark 2: From the previous discussions, the control design procedures and the guideline of the parameter selections are given as follows:
Step 1): Define the fuzzy IF-THEN rules and the membership functions, construct the fuzzy basis functions, and obtain the fuzzy logic systems (11).
Step 2): Specify the vector
Step 3): Specify a positive definite matrix Q i and by solving the Lyapunov Eq. (21), a positive definite matrix P i is obtained.
Step 4): Select appropriately design parameters and adaptive gain matrix such that c i,
, and determine intermediate control functions α i,j i (69), and the parameters adaptation lawsθ i,j i (70) and˙ i,j i (71).
Step 5): Select appropriately design parameters and adaptive gain matrix such that c i,n i > 0, η i,n i > 0, σ i,n i > 0, (i = 1, 2, · · · , N ), and actual control inputs v i (83), and the parameters adaptation lawsθ i,n i (84).
V. SIMULATION EXAMPLE
In this section, the following simulation example is considered to verify the effectiveness of the proposed control design. Example: Consider the following MIMO stochastic nonstrict-feedback nonlinear systems as
where 2x 2,2 sin(x 1,1 x 1,2 x 2,1 ) , f 2,1 (x) = VOLUME 6, 2018 x 1,2 x 2,1 e x 1,1 x 2,2 , f 2,2 (x) = x 2,2 sin(x 1,2 x 1,1 )/(1 + x 2 2,1 ). 2 x 1,1 ) .
Choose the reference signals as y r,1 (t) = y r,2 (t) = sin(t). The fuzzy membership functions are chosen as P 2 = 23.3333 7.5000 7.5000 12.7083 .
Choose the performance functions as µ 1 (t) = µ 2 (t) = 2e −0.5t
The initial values are set as x 1,1 (0) = x 2,1 (0) = 0.01, From the above simulation results, it can be seen that the proposed adaptive fuzzy PPC strategy can guarantee that all the signals of the control system are SGUUB in probability, and system tracking error remains within the PPBs for all the time.
VI. CONCLUSION
This paper has addressed the problem of output tracking PPC for MIMO stochastic nonlinear nonstrict feedback systems. The FLSs are utilized to model the unknown nonlinear functions and a fuzzy state observer has been constructed to estimate the unmeasured states. The presented control schemes not only solve the problem of unknown control directions and input dead-zones, but also solve the adaptive fuzzy PPC design problem. Moreover, it is demonstrated that closed-loop system all signals are SGUUB in probability and the system tracking errors remain within the PPBs. Future research will be concerned with the adaptive fuzzy prescribed performance output-feedback control for non-affine stochastic nonlinear systems based on the result of this paper.
